Background
Introduction
The excess incidence of thyroid cancer in Ukraine and Belarus observed a few years after the Chernobyl accident is considered to be largely the result of 131 I released from the reactor [1] , and the excess is particularly marked among those exposed in childhood [2] [3] [4] . Thyroid cancer was also increased in some exposed groups of cleanup workers, but the increase was mostly attributed to their residential exposure to 131 I [5] .
The U.S. National Cancer Institute, in collaboration with various external groups of researchers, initiated two cohort screening studies of children and adolescents exposed to Chernobyl fallout in Ukraine and Belarus to better understand the long-term health effects of exposure to radioactive iodines. There have been a number of analyses of these cohorts [3, 4, 6] , which document the significantly increased risk of thyroid cancer in relation to 131 I thyroid dose. Estimation of low dose and low dose-rate risk entails extrapolation of risks from groups exposed at much higher doses and dose rates. Systematic and random dosimetric errors have a major impact on this extrapolation [7] . So-called classical errors are the most serious of these, and generally result in a bias towards the null of the dose-response trend, whereas Berkson errors generally do not result in biased estimates of the dose-response trend for models with Normal error structure [7] . However, Berkson errors would be expected to increase the standard errors of effect estimates [7] [8] [9] ; as emphasized by Stram et al. [9] the inflation in the uncertainties in parameter estimates when the error is purely Berkson is the case irrespective of whether errors are shared or unshared. In the Japanese atomic bomb survivors dose errors are thought to be a mixture of classical and Berkson in form [10, 11] , whereas more purely Berkson errors are thought to dominate the dose uncertainties in medical studies [12] , and in many occupational ones [9] . Both classical and Berkson errors can include both a shared component, common to all individuals within a group, and an unshared part, unique to an individual within a cohort. Stram et al. [9] and Simon et al. [13] have proposed different methods for dealing with complex dosimetry systems entailing a complex mixture of shared and unshared errors. Uncertainties in doses accounting for shared and unshared errors have previously been estimated in Chernobyl-exposed groups [14, 15] , and in some other groups [13, 16] . Regression calibration, whereby the dose estimate in any regression is replaced by the expected true dose given the measured dose estimate, works well as an error correction method when dose errors are modest [7] . Full-likelihood methods may be indicated when dose errors are more substantial. There are two types of full-likelihood method, namely Monte Carlo likelihood integration (MCML) [17] [18] [19] , and Bayesian Markov Chain Monte Carlo (MCMC) [10, 20] . Both these full-likelihood methods jointly model disease in terms of the "true" dose; in the case of MCML the profile likelihood, of the true dose conditional on the observed dose is considered, and maximized in the usual way [17, 18] .
Prevalent thyroid cancers in the Belarus-US screening cohort were previously analyzed [4] using individual deterministic dose estimates [21] . Stochastic dose estimates have recently become available [22] , providing distributions of possible dose estimates for each study subject, in particular taking full account of shared and unshared errors. In this paper we compare regressions of dose on thyroid cancer prevalence using the stochastic thyroid dose estimates with those in the study of Zablotska et al. [4] based on the deterministic doses [21] , and assess the impact of these changes as well as of adjustment for the effects of dose uncertainty using standard regression-calibration, MCML and Bayesian MCMC procedures on the thyroid cancer risk.
Data and Methods

Study data
The Belarusian cohort includes 11,732 individuals who were less than 18 years old on April 26 1986 and were screened for thyroid cancer and other thyroid diseases in 1996-2004. The original individual thyroid dose estimates are based on the thyroid activity measurements made within 2 months after the accident by means of several types of radiation detectors held against the neck, from which the 131 I activity in the thyroid gland was derived; additional information for dose estimation came from interview data on diet and location during the relevant period and environmental radiation activity measurements [21, 22] . There were exclusions because of incorrect ID (n = 20), ineligible age (n = 114), poor quality of direct thyroid measurements (n = 90); and subjects were not interviewed (n = 14). We also excluded from the analysis 121 persons with prior surgery for benign thyroid disease, aplasia or prior thyroid cancer, leaving study population of N = 11,611 study subjects. There were a total of 87 prevalent thyroid cancer cases identified at screening in this subset, exactly as in the data of Zablotska et al. [4] .
Deterministic and stochastic thyroid dose estimates
The calculation of the thyroid dose due to intakes of 131 I includes the consideration of several exposure pathways: (1) ingestion of contaminated milk, which is usually the most important pathway, (2) the ingestion of contaminated milk products, (3) the ingestion of contaminated leafy vegetables, and (4) inhalation of contaminated ground-level air. Fifty-nine parameters are involved in the dose calculation. For the calculation of the deterministic thyroid dose, each of the 59 parameters is assigned a single value (which may or may not vary from one individual to another), so that only one dose value (called deterministic) is obtained for each individual. For the entire cohort, the deterministic thyroid doses due to intakes of 131 I were found to range from 0.54 mGy to 33 Gy, with an arithmetic mean of 0.58 Gy [21] . Further details on the basic assumptions and procedures used for the deterministic dose calculations are given in Appendix A and in the paper of Drozdovitch et al. [22] .
For the calculation of the probabilistic thyroid dose, probability distributions were assigned to parameters involved in the calculation. A Monte-Carlo simulation procedure was then used to obtain the distribution of the stochastic thyroid doses [22] . This procedure is similar to and generally consistent with the 2-dimensional (2D) Monte Carlo method [13] . For a specific dose realization some of the model parameter values were in common among members of subgroups, i.e., shared among subjects of those groups, implying that any error made in this parameter was shared by all subjects to whom it applied. Twenty subject-independent, or shared, parameters were identified in the dose calculation procedures used in our study. They are parameters of the ecological model that describe the temporal variation of the ground, air, I activity in the thyroid. It is acknowledged that the uncertainty associated with the instrumental thyroid dose value may have been grossly underestimated, if there are reasons to believe that: (1) the person that was interviewed was not the study subject with the assigned direct thyroid measurement, or (2) experimental or clerical errors were made during the direct thyroid measurement or its processing. However, in order to assess the doses to all study subjects in the same manner, it was assumed that the direct thyroid measurement was correctly performed and processed, an assumption justified by the very small number of exclusions because of poor quality of direct thyroid measurements (n = 90).
The arithmetic mean of 1,000 individual stochastic dose estimates [22] and the deterministic dose estimates [21] used by Zablotska et al. [4] are essentially the same for most study subjects (see Fig 4 in Drozdovitch et al. [22] ). There are however small differences that are for a large part due to the asymmetric nature of log-normal distribution of individual stochastic doses, and for a small part to differences in the manner in which the two sets of doses were calculated, such as: -The way in which the background due to the external and internal contamination of the human body to the signal recorded by the radiation detector used in the direct thyroid measurement was taken into account;
-The uncertainty assigned to the date of measurement, which influences the ecological activity of 131 I in the thyroid at the time of measurement and, consequently, the ratio of measured to ecological 131 I activity that defines the instrumental thyroid dose; and -The imputation of foodstuff consumption rates for study subjects with pure memory recall.
Dose error model
The dosimetry estimation system has a stochastic design to model shared errors, and to account for uncertain dose-related parameters. Using that system, we produced 1,000 simulations of the posterior distribution of thyroid dose for all study subjects. Regression calibration proceeded by using the average of these 1,000 individual stochastic dose realizations, rather than the (deterministic) central estimate, in the regressions on dose. As is standard, for the regression-calibration dose error adjustment we used the arithmetic mean of the sample of 1000 stochastic dose realizations for each individual (which approximates the expectation of the true dose for each individual conditional on all dosimetry information and other parameters) as the plug-in estimate of the true doses. The profile likelihood was derived by integrating the likelihood over these 1,000 dose simulations. Whether using regression calibration (arithmetic mean doses) or MCML, parameter estimates were obtained via maximum likelihood, and profile likelihood confidence bounds derived in the usual way [23] . The Bayesian MCMC method is slightly different, and is described in more detail in Appendix B. In contrast to regression calibration, both Bayesian MCMC and MCML methods entail use of 1,000 realizations of the entire cohort dose rather than 1,000 individual stochastic dose realizations for each cohort member. It should be emphasized that these cohort dose realizations are not independent between individuals. Because of the rather different nature of the model, we report the deviance information criterion (DIC) [24] in Table 1 for the fits of the Bayesian model. In order to assess chain convergence we also estimated the Gelman-Rubin statistic [25] , otherwise known as the potential scale reduction factor (PSRF), derived as the square root of the posterior marginal variance to the within-chain variance for each parameter when multiple chains are used; this will be close to 1 if the multiple chains are close to convergence.
Thyroid cancer risk model
The primary statistical model used was a logistic model of the odds ratio (OR), in which the probability of subject i with age at screening a, gender s, age at exposure e at the time of the accident (1986) and with true thyroid dose D, being a case of thyroid cancer is given by:
[The age at exposure, e, and age at screening, a, are approximately centered by subtracting off their approximate mean values in the data, namely 8 and 22 years, respectively; this facilitates convergence of the iteratively-reweighted least squares algorithm used to maximize the likelihood [23] .]
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Results
Comparison of effects of revision to dosimetry Table 1 demonstrates that using a simple linear link in the logistic model (1), there is a highly statistically significant increasing dose-response (p<0.001) for all sets of dose estimates. The dose-response using the various sets of dose estimates is shown in Fig 1. Comparison of effects of various adjustments for dose error in logistic model (Table 1) . However, in contrast to regression calibration, there are slightly wider confidence intervals on the parameters. The linear Bayesian model α coefficient has PSRF of 1.027, while for the linear-exponential Bayesian models the α coefficient has PSRF 1.006, and the γ coefficient has PSRF 1.008 -all indicating satisfactory convergence. There were no indications of lack of convergence for any other type of dose error correction model (regression calibration, MCML). Table 1 demonstrates that there are borderline significant (p = 0.057-0.078), indications of downward curvature in the dose-response, depending on the adjustment methods used. There are also borderline significant (p = 0.102) modifying effects of gender on the EOR, with males having markedly higher radiation risk (Table 1) . Table 1 demonstrates that the effects of age at the time of the accident or age at screening as modifiers of the radiation dose-response are generally not statistically significant (p>0.2). Fig 2 demon strates the weak indications of reduction of excess odds ratio with increasing age at the time of the accident.
Discussion
Re-analysis of the prevalence data from the Belarus-US thyroid screening study, and using the set of stochastic dose estimates, demonstrates that there is a highly statistically significant increasing dose-response (p<0.001), confirming the results of an earlier analysis of this dataset [4] . The use of arithmetic mean (regression calibration) vs deterministic thyroid dose estimates resulted in relatively modest differences in regression risk estimates. Adjustment of the regression for dose errors using MCML yielded slight decreases in radiation risk estimates relative to the deterministic estimates, while using regression calibration or MCMC resulted in somewhat more substantial decreases in radiation risk. Adjustment of the regression for dose errors using full-likelihood methods somewhat enlarged parameter confidence intervals.
It is generally recognized that dose measurement error can alter substantially the shape of the radiation dose-response curve [26] , which is crucial to the extrapolation of risks at high dose and high dose-rates to those at low/moderate doses and low dose-rates. Regression calibration [7] , entailing the substitution of the "estimated dose" by the expectation of the "true dose" given the estimated one, has been much used in the Japanese atomic bomb survivor data [27] [28] [29] [30] [31] [32] . As emphasized by Carroll et al. [7] , this is an approximate method in non-linear doseeffect relationships, leading to reasonable adjusted point estimates of the model parameters when errors are not too large, but does not fully take account of all the variability induced by the measurement errors. Various full-likelihood methods, in particular Bayesian MCMC and MCML methods are more appropriate when errors are larger. An adapted Bayesian method of correction for measurement error-the two-stage Bayesian method-has been applied to the fitting of generalized relative risk models to the Japanese atomic bomb survivor cancer [4, 21] , and regressioncalibration adjusted doses (arithmetic means of 1,000 individual stochastic doses) [22] . The models are adjusted for age (treated categorically), gender and oblast in the baseline. Dashed red line shows odds ratio = 1. The lower panel shows the lower dose (<0.5 Gy) part of the dose response. mortality data [10, 33, 34] . The Bayesian approach used in this paper is somewhat different from the above Bayesian approaches since the proposed approach is based on Bayesian model averaging rather than the measurement-error model approach used above. It is described at further length in Appendix B. The findings of a similar degree of adjustment when regressioncalibration and various full-likelihood methods are used parallels those in many other radiation datasets [10, 17, 35, 36] .
A remarkable feature of the present analysis is the minimal effect of adjustment for dose error on the thyroid cancer risk estimates. The MCML method leads to a 2% decrease in EOR, regression calibration results in a 13% decrease in EOR, while the Bayesian MCMC method yields a 23% decrease. In the light of the overall uncertainties in risk estimates we do not judge that these relatively modest differences are of any significance. All three methods take account of mixed Berkson and classical errors in dose, arising from the distinct measurement and estimation associated with thyroid mass and 131 I thyroid activity measurements. Almost all uncertainty is defined by unshared (classical) errors associated with errors in activity of 131 I in the thyroid and thyroid mass. These results parallel those in the independent analysis of the Ukraine thyroid prevalence data [36] , in which two different types of regression calibration and a Monte Carlo maximum likelihood method were employed to correct for potential effects of dose error, none of which made appreciable difference on the dose response trend parameters. Dose uncertainties are generally larger than those in the parallel Ukrainian cohort [36] . However, the reasons for the relatively modest impact of adjusting for dose error are largely a consequence of the fact that these errors are still relatively small. The uncertainty has a geometric mean GSD of 1.73 (vs 1.47 in Ukraine) and a higher fraction of stochastic thyroid doses with a GSD greater than 2.0 (11% in this study vs 3.8% in Ukraine) [22] . An interesting (and reassuring feature) of the present analysis, as with the analysis of the Ukraine thyroid prevalence data [36] , is that regression calibration gives similar results to either full-likelihood method (MCML, Bayesian MCMC), although parameter confidence intervals are somewhat wider with either of the full-likelihood methods (Table 1) . It should be emphasized that the study is completely separate from the parallel study in Ukraine, and the dosimetric reconstruction is also of very different form, as we make clear in the Methods and above. Given the differences between the two datasets, a joint analysis is not indicated.
The prevalence excess odds ratio that we derive of 1.31 Gy − (95% CI 0.47, 3.31) using the regression-calibration method (Table 1) is somewhat lower than, but statistically consistent with (p = 0.12) that which can be derived from the Japanese atomic bomb survivors exposed to external radiation under the age of 20, 3.07 Gy − (90% CI 2.14, 4.14) [37] . It is lower than (and marginally statistically incompatible with (p = 0.04)) the estimate of 7.7 Gy − (95% CI 2.1, 28.7)
derived from a pooled analysis of five childhood-exposed groups [38] . However, the analyses of United Nations Scientific Committee on the Effects of Atomic Radiation (UNSCEAR) [37] and Ron et al. [38] are based on incidence data, and the interpretation is therefore somewhat different from the prevalence risk that we estimate. Ron et al. [38] also computed a pooled excess relative risk (ERR) /Gy allowing for a non-zero ERR at zero dose (essentially allowing for an additional offset in risk independent of radiation dose), which was 3.8 Gy − (95% CI 1.4, 10.7). Importantly, pooled risks in the study of Ron et al. [38] are estimated for populations exposed to external ionizing radiations (gamma and X-rays), while in our analyses the main component of the radiation dose (95%) was due to internal exposures to 131 I. We observed borderline significant indications of downward curvature (in other words, a progressive reduction with increasing dose in the upward slope of ERR, rather than negative slope) in the dose-response (p = 0.057-0.078, Table 1 ), consistent with the previous findings in this cohort of Zablotska et al. [4] . The thyroid is known to be one of the most radiosensitive organs with regard to cancer risks [37] , in particular there is abundant literature documenting excess thyroid cancer after exposure to external radiation in childhood [38] . The pooled analysis of Ron et al. [38] indicated that in general thyroid cancer exhibited a linear dose-response, with indications of a reduction of risk at high doses (>20 Gy). However, the analyses of Ron et al. [38] were all of thyroid cancer incidence, and so may not be directly comparable with the prevalence analysis conducted here. More recently Sigurdson et al. [39] and Veiga et al. [40] similarly observed a reduction in the thyroid cancer dose-response, although at a much higher dose, of about 20 Gy, in studies of patients treated with radiotherapy for first primary cancer in childhood. A recent update of solid cancer incidence in the LSS cohort indicated possible flattening of the dose response at doses of about 2 Gy or more [41] . Cardis et al. also observed a turnover in dose-response above about 5 Gy in a case-control study of Chernobyl-exposed children in Belarus and the Russian Federation [42] . As such, the turnover that we, Zablotska et al. [4] and Cardis et al. [42] observe, and at a somewhat lower dose, of less than 5 Gy (Fig 1) , is somewhat unusual. Analysis of the prevalent thyroid cancers in Ukraine yielded non-significant indications of downward curvature [3] , findings reflected also in analysis adjusting for dose errors using regression calibration or MCML methods (p = 0.102-0.112) [36] .
There were at most weak indications of reduction of relative risk with increasing time after the accident (Table 1 ). There are some indications of eventual reductions of thyroid cancer relative risk with increasing time after exposure among those exposed in childhood [38, 43, 44] . It is likely that our cohort, with follow-up confined to a relatively narrow time interval, 1996-2004, about 10-18 years after the Chernobyl accident, lacks the power to detect such downturns in risk, which in any case would not be expected until 15-19 years after the accident [38] . We observed weak and statistically non-significant (p>0.2) indications of variations of excess odds ratio with age at screening (Table 1) . However, as this variable is very highly correlated with age at exposure the results are difficult to interpret. ter estimates of thyroid mass in the Belarus data, which are based on individual estimates of thyroid volume [21] , in contrast to the grouped estimates used in Ukraine [36] .
There are certain limitations in the dosimetric evaluation used here, which are developed at greater length in the paper of Drozdovitch et al. [22] . The dose estimates for each individual are largely based on interview, with the person or with a surrogate, to determine patterns of behavior in the short period after the accident. Drozdovitch et al. assume that the variation with time of the ecological estimate of thyroid dose, Q ecol t ðtÞ (see Appendix A); as they make clear, this is likely to depend crucially on the agreement between the instrumental and ecological dose estimates, in turn a function of the accuracy of recall of patterns of behavior of the study subjects [22] . Work is underway to verify this. The thyroid mass estimates used in the study were derived from age-specific estimates made in a group of individuals in 1991-1996 who were not part of the cohort. Although there is no reason to suspect that these measurements are appreciably biased estimates of those that would have obtained in the cohort at the time of the accident (1986) [22] , this does introduce some uncertainty in the thyroid doses, which is not taken into account in the stochastic dosimetry, nor therefore in our analysis.
Conclusions
The results of the paper are based on a screening study of the most heavily exposed populations in Belarus who were under 18 years of age at the time of the Chernobyl accident. The paper updates previous analyses [4] by using stochastic rather than deterministic thyroid dose estimates. In addition, this paper addresses for the first time the errors that are present in absorbed thyroid doses, and their effect on thyroid cancer risk estimates in the Belarus-US screening cohort. The effects of adjusting for dose error are minimal, resulting in changes to thyroid cancer risk estimates of -23% to -2%. Effects on parameter standard errors are also minimal, although the two full-likelihood methods both yield somewhat wider confidence intervals. The relatively modest changes in risk resulting from taking dose errors into account is largely a consequence of the modest size of the errors. There are borderline significant reductions in the upward slope of thyroid cancer risk at high doses, and borderline significant adjustments to the dose-response for gender, with males at appreciably higher risk, although this finding is not statistically significant. Given that none of the three dose-error correction methods had decisive advantages, it may be wise to consider the totality of the ranges of error-corrected estimates rather than to rely on the range from a single technique.
Appendix A. Description of deterministic and stochastic dose estimation
Deterministic dose estimates
The deterministic thyroid doses were estimated using input data specific to each cohort member (direct thyroid measurement and personal interview) and ecological data (e.g., 131 I ground deposition in the settlements where any of the cohort members resided). Ecological and biokinetic models were used to reconstruct the transport of 131 I from the ground deposition to the child's thyroid via the activity intake with contaminated air and foodstuffs calculated using personal interview data on individual behavior and consumption rates of foodstuffs. For each study subject k, two estimates of thyroid dose, differing in the manner in which the activity of 131 I in the thyroid was assessed, were calculated:
1. an ''instrumental" thyroid dose, D k , based on the measured 131 I activity in the thyroid at time t m after the accident, Q meas k ðt m Þ, which is derived from the direct thyroid measurement; and 2. an ''ecological" thyroid dose, in which the 131 I activity in the thyroid, Q ecol k ðtÞ, is calculated for any time t after the accident using ecological and biokinetic models, together with personal interview data on individual behavior and consumption rates of foodstuffs.
The ''instrumental" thyroid dose estimate, being based on a dose-related measurement performed on each study subject, is better than the ''ecological" dose estimate and is recommended for use in the assessment of radiation risks. The main purpose of the ''ecological" dose estimate is to provide an evaluation of the reliability of the ''instrumental" thyroid dose estimate. The ''ecological" thyroid dose (D ecol k , mGy) for subject k is calculated as follows:
where U c is a unit conversion factor of 13.82 (Bq kBq I in the thyroid of study subject k at time t (kBq). The period of integration is from the time of the accident on 26 April 1986 (t = 0) until 30 June 1986 (t = T = 66 days).
To calculate the ''instrumental" thyroid dose (D k , mGy), the calculated ''ecological"
A more detailed description of the methodology used to calculate the ''instrumental" thyroid doses for all members of the cohort of Belarusian children can be found elsewhere [21] .
Stochastic dose estimates: general 2D Monte Carlo approach
Using Monte Carlo simulation to estimate the uncertainties in instrumental thyroid doses, we calculated 1,000 sets of cohort instrumental thyroid doses, which take into account classification of errors as shared or unshared. This procedure is similar to and generally consistent with the 2-dimensional (2D) Monte Carlo method [13] . For a specific dose realization some of the model parameter values were in common among members of subgroups, i.e., shared among subjects of those groups, implying that any error made on this parameter was shared by all subjects to whom it applied. At the beginning of calculation of each dose set for the entire cohort, we sampled values for all shared parameters from their probability distributions. To calculate one dose set for the entire cohort, the same value for each shared parameter was used for all cohort members for whom this parameter was considered to be shared. This step intentionally introduced correlations in each simulated dose set between individual dose estimates of the study subjects who shared parameter values. In the process of dose set simulation, we sampled values of unshared parameters for each cohort member from their distributions and calculated one dose realization for cohort member k, D i,k . A set of doses from D i,1 to D i,11732 therefore represents stochastic set number i of cohort thyroid doses. The thousand realizations of dose, from D 1,k to D 1000,k , for cohort member k, represent the individual stochastic thyroid doses of that cohort member. A detailed description of the evaluation of the errors associated with the parameters used for calculation of thyroid doses is presented elsewhere [22] .
Appendix B. Description of Bayesian Markov Chain Monte Carlo model fitting
We outline a Bayesian MCMC approach to evaluate dose uncertainty. This has the advantage over simpler (e.g., regression calibration) methods that it can consider more complex dosimetry systems and patterns of error, although comparable with other full-likelihood methods such as MCML [17] [18] [19] in this respect. The dosimetry system produces a number of realizations of the entire set of doses, that characterize the state of knowledge about doses for this population. Our main goal was to estimate the radiation risk coefficients, α,γ,κ,τ,η, and their Bayesian credible interval (BCI), accounting for both the usual statistical sampling error and uncertainty in the dosimetry. Our approach can deal with various types of outcomes, such as continuous, time-to-event, and count data. In this application we considered an outcome variable with binary (binomial) error.
In order to perform Bayesian inference we must formulate prior distributions on all model parameters. We assumed normal prior distributions for the parameters in expression (1). Suppose we had M dose realizations (M = 1,000 here), and let θ be the dose vector index variable in the model. The parameter, θ, is distributed as a multinomial distribution, Mult(1,π). The probability vector, π, has a hyper-prior distribution given by a Dirichlet distribution, Dirichlet(w), with w = 1, so that dose realizations are chosen with equal probability a priori. The MCMC method was then used to produce a sample from the posterior distribution of the parameters of interest. Parameter estimates (the maximum of the posterior density) and their corresponding 95% BCI in Table 1 are based on 20,000 posterior samples after 10,000 burn-in iterations with three chains.
